ABSTRACT
INTRODUCTION
mpirical study based on the Capital Asset Pricing Model (CAPM) (Black, 1972; Lintner, 1965; Sharpe, 1964) has long shaped the way academics and practitioners think about the tradeoff between the expected return and risk. In truth, the efficiency of a market portfolio implies a positive linear function for the expected return on stocks or portfolios. However, the relationship between the average expected return and estimated risk beta (β) shows a weak prediction power during the period of , and, in particular, displays an inverse relationship that a risky asset with lower value of beta earns the higher return on average Glosten et al., 1993; Whitelaw, 2000) . Nonetheless, the static CAPM model is still widely used because it does explain a significant fraction of variation in asset return and is easily interpreted.
The Intertemporal Capital Asset Pricing Model (ICAPM) is derived by examining a positive time-series tradeoff between the expected return and risk, and also by examining a cross-sectional behavior of state variables and/or factors (Merton, 1973) . Merton (1980) further states that the risk for market portfolio, as an instrument, is applied to the prediction of the expected return. Fama (1991) interprets the ICAPM model as a "fishing license" to extend the theoretical background for relatively ad hoc risk factors. In other words, the expected return for any risky asset should vary with the time-varying conditional covariance (Bali, 2008) . Far from being independent, the increasing correlations crossing financial markets have been debated in a large amount of literature (Campbell et al., 2002; Xiao et al., 2012) . Previous empirical results of the sign of the intertemporal return and risk still make no consensus, especially for emerging market. In part, this is due to the difficulty in variable selection by time-series analysis. Many researchers have studied the intertemporal relationship between the expected return and risk in the major exchange markets and reported the expected excess market return as significantly positive function of market risk across the world exchange markets a ; Merton, 1980) . Bali and Engle(2010 b ) develop a
The exchange market in China expanded rapidly following its economic reform, and China's stock market recently has been the second largest in Asia, behind only Japan. Till December 2011, 2234 and 108 A-share and B-share of domestic companies have been listed on China's exchange markets (both Shanghai exchange market and Shenzhen exchange market in total), of which equity market capitalization has reached CNY21.5 trillion. Since stock portfolio is a major investment vehicle in China as well as other countries across the world, the evaluation of stock portfolio's performance has attracted enormous attention. However, tackling empirical research in stock returns in China remains a challenge. One argument on Chinese emerging capital market is the limited investment opportunity set. It is conceivable that limited investment alternatives can heat up the speculative sentiment of domestic investors in the stock market (Sun and Tong, 2000) . This paper is proposed to contribute to this branch of literature, based on both conditional CAPM and ICAPM models, to investigate the dynamic relationship between the expected return and risk and the hedging demand in Chinese emerging exchange market incorporating with estimator of dynamic conditional covariance.
THE MODEL AND DATA

The Model
Dynamic Conditional Correlation estimator
Correlations are critical analysis for many of common tasks of financial managements (Engle, 2002) . If the correlations and volatilities are changing, then allocations of risky asset should be instantly changed to reflect new market information. The conditional correlation is an approach based on information known from the previous period in allowing the correlation matrix to be time-varying. The Dynamic Conditional Correlation (DCC) estimator that is developed by Engle (2002) has been proven to be a useful model for the analysis of dynamic volatility. The DCC estimator matrix is given by Equation (1):
H t is a k×k conditional covariance matrix; R t is a k×k conditional correlation matrix; D t (
) is a k×k diagonal matrix of time-varying standard deviations of residual returns. We use the subscript t to indicate the relevant time period.
Engle (2002) find a natural alternative estimator of dynamic conditional covariance (q i,j,t ) could be interpreted by the GARCH-M(1,1) model as Equation (2): 
The implication of conditional CAPM predicates the estimates of intercepts (α i ) are jointly different from zero, by assuming that conditional covariance of risky portfolio with market portfolio has enough predictive power for the expected return. 
Intertemporal Hedging Demand
Financial economists often choose certain macroeconomic variables and/or financial market instruments to control for possible shifts in the investment opportunity set. Dynamic asset pricing model starting with Merton's ICAPM (1973) provides a theoretical framework that gives a positive equilibrium relation between the conditional first and second moments of excess return on the aggregate market portfolio. The ICAPM states the equilibrium relationship between expected returns and risk for any risky asset i that could be shown as Equation (4):
The variable X proxies the state variable that presents the hedging demand. In this paper, the coefficient on Cov(r i,t+1 ,ΔX t+1 |Ω t ) measures the time-t expected conditional covariance between excess return on risky asset i and innovations in a state variable X, proxy by either the level or the change which is the first order difference (ΔX t+1 =X t+1 -X t ). The sign of λ reflects the investor's demand for the allocation of risky asset to hedge against the unfavorable shift in the investment opportunity set (Buraschi et al., 2010) .
Within the ICAPM framework, one can learn how these financial instruments vary with the investment opportunity set and whether conditional covariations of stock portfolios with them induced additional risk premia. Firstly, we investigate whether the conditional covariations with Fama French benchmark factors in order to check whether Fama French benchmark factors could induce additional risk premia from the following Equation (5):
where Cov(r i,t+1 ,SMB t+1 ) and Cov(r i,t+1 ,HML t+1 ) measure the time-t expected conditional covariance of excess return of equity portfolio i at time-(t+1) with the level in SMB and HML factors, respectively. Secondly, we estimate alternative investments grouped by tangible assets, gold and real estate, as well as financial assets, bond and fund, as Equations (6) and Equation (7):
where
,ΔGOLD t+1 ), and Cov(r i,t+1 ,∆CREIS t+1 ) measure the time-t expected conditional covariance the time (t+1) excess return of stock portfolio i at time-(t+1) and the change in excess return in two financial investments: Shanghai Stock Exchange Fund Index (∆FUND t+1 ), Shanghai Stock Exchange T-Bond Index (∆BOND t+1 ), and two tangible assets: the AU999 Gold Index (∆GOLD t+1 ), and China Real Estate Index (∆CREIS t+1 ).
The Data
The Formation of Stock Portfolios
We use the monthly stock data from listed firms in Chinese exchange markets from CSMAR database, and then form three categories of value-weighted equity portfolios such as size portfolios, momentum portfolios, and book-to-market portfolios over the period January 1992-December 2011. The ten size portfolios are built based on the market equity value (MEV=closing price×share outstanding) at the end of June at year t and lagged the forthcoming 12-month periods from July at year t to June at year t+1. The decile 1 of stocks with the smallest market equity value is assigned into the Small portfolio, and the decile 10 of stocks with biggest market value is assigned to the Big portfolio. Our ten momentum portfolios are constructed monthly with the stocks over the past 11 months skipping the past one month return (Jegadeesh and Titman, 1993) . To be included into the momentum portfolios, the publicly traded stocks must have a regular trade at the end of month t-13 and continuously listed in the market at least 15 months. The decile 1 of stocks with the lowest cumulative return is included into the Loser portfolio, and the best ones of decile 10 are assigned into the Winner portfolio. In addition, the ten book-to-market portfolios are formed based on the book-to-market ratio (BEV/MEV) of book equity value (BEV=net asset value per share×share outstanding) over the market equity value, where the formation of BE is the same as the ME in size portfolios. We here define the Value portfolio as the portfolio with highest ratio of BEV/MEV, while the Growth portfolio is defined as the one with lowest ratio of BEV/MEV.
The Investment Opportunity Set
This study focuses on the most heated investment alternatives in China. These state factors may be viewed as the intertemporal CAPM (Merton, 1973 ) that contemporaneously span investors' investment opportunity sets, or as the coincident financial indicators (Chauvet and Potter, 2000; He et al., 2010) that capture investors' contemporaneous belief about the cycles of financial markets. First, the monthly returns on two Fama French benchmark factors (SMB and HML) in China's exchange markets are constructed according to the Fama and French (1998) . In our empirical analyses, we use the longest available data from CSMAR which covering the period over the sample period January 1992-December 2011. Second, we collect monthly return of four investment factors, including two financial investments: SSE Fund Index (FUND), SSE T-Bond Index (BOND), and two tangible assets: the AU999 Gold Index (GOLD) and China Real Estate Index (CREIS). Due to the limited source for alternative investments in China, we could only access a sample period over May 2002-December 2011 for these four alternative investments. Table 1 presents summary statistics for the monthly excess return, total risk (Std. Dev), and system risk (beta) for each category of value-weighted portfolios in Chinese exchange markets. In this context the beta is estimated by the unconditional (or static) CAPM model.The first three columns report statistics for ten size portfolios. For the sample period January 1992-December 2011, the value weighted average excess return of Small portfolio is 0.037 with a standard deviation at 0.150, while the monthly excess return of the Big portfolio is 0.011 and its total risk (0.131) is lower than the Small portfolio. In addition, the average return difference between the Big and Small portfolios is -0.026. The return spread is significant with the Newey-West t-statistic of 6.292, implying that small stocks on average generate higher returns than big stocks in Chinese exchange market. The next three columns show the statistics for ten momentum portfolios. The Winner portfolio generates a 0.020 of monthly excess return that is significant higher than do the Loser portfolio. Note also that the market beta of the Loser portfolio is 0.954, while the beta of the Winner portfolio is 1.047. These results indicate that the Winner portfolio holds both higher unconditional total and systematic than its counterpart of Loser portfolio. The last three columns present the statistics for ten book-to-market portfolios. As a result, the return spread is significant with the New-West t-statistics of 5.642 and show that value stocks on average generate significantly higher returns than do growth stocks. Interestingly, we observe that most estimated betas of portfolios in this category are close to one.
RESULTS AND DISCUSSIONS
Data Descriptive
One conjecture is the fact that the return of stocks in China relies more on macro-level events 1 than firm activities, which may account for low mean stock-market return with high volatility in China relative to developed exchange markets (Su and Fleisher, 1998 
The conditional CAPM estimation with a Common Slope Coefficient
In this paper, by pooling a large number of time-series and cross-section together, we investigate the characterization of time-series variation in conditional covariance and capture the cross-sectional correlations among equity portfolios by means of multivariate GARH-M model with DCC. According to the conditional CAPM, the reward-to-risk coefficient should be restricted to be positive and significant. Table 2 presents the sign and significance of all three reward-to-risk coefficients give similar conclusions and reports the common slope coefficient (θ), the conditional alpha (α i ), and the p-value of the parameter estimate for each equity portfolio. As shown in Table 2 , the estimates of common slopes provide empirical support for the positive relationship between the expected return and risk in Chinese exchange markets. The estimated coefficients on Cov(r i,t+1 ,r m,t+1 ) are always positive and significant, i.e. θ=1.374 with significant p-value at zero for the size portfolios, θ=0.635 with the p-value at 0.015 for the momentum portfolios, and θ=0.729 with p-value at 0.020 for the book-to-market portfolios. Overall, these findings in DCC-based conditional covariation estimates predict the time-series and cross-sectional variation in stock returns and they generate significant and reasonable risk premium. Table 3 presents the multivariate GARH-M model with portfolio-specific slopes based on ten size, momentum, and book-to-market portfolios, respectively. As it shown, all portfolio-specific coefficients on Cov(r i , t+1 ,r m,t+1 ) are estimated to be positive, though the significant level may vary among equity portfolios. For the size portfolios, the slope is the highest for the Small portfolio is 1.909 with p-value of 0.038, whereas the slope for the Big portfolio is 0.85 with p-value of 0.033. The average slope across the size portfolio is 1.340 that is close to the common slope estimate of 1.374 in Table 2 . Furthermore, the Wald statistics from testing the joint hypothesis by Wald 3 (H 0 : θ 1 =θ 2 =•••=θ 10 =0) and Wald 4 (H 0 : θ 1 =θ 10 =0) are 18.059 with a p-value of 0.053 and 4.900 with a p-value of 0.086, respectively, supporting the cross-sectional consistency assumption of the conditional CAPM. In contrast to our earlier findings in Table 1 , the results for the momentum portfolios show that the Loser portfolio that is composed of lowest return stocks has the highest portfolio-specific slope: 0.946 with p-value of 0.085, whereas the Winner portfolio that is composed of highest return stocks has a lower slope; 0.851 with p-value of 0.078. The average slope on momentum portfolios is 0.842, which is greater than the common slope estimate of 0.635 in Table  2 . Moreover, the Wald 3 and Wald 4 statistics are 18.267 with p-value of 0.051 and 5.990 with a p-value of 0.050, respectively. Therefore, the result of momentum portfolios is also consistent with the conditional CAPM. The estimates for the book-to-market portfolios show that the lowest portfolio-specific slope for Growth portfolio is 0.896 though it is not significant. The higher slope coefficient is obtained for the Value portfolio; 1.196 with p-value-0.049. The average slope across the book-to-market portfolios is about 1.142, which is greater than the common slop estimate of 0.729 in Table 2 . In addition, the Wald 4 statistics for book-to-market portfolios is 4.883 with p-value of 0.087, which is consistent with the conditional CAPM. Also note that the result of Wald 3 is 11.949 with p-value of 0.289, which fails to reject the null joint hypothesis. This reports the estimation of multivariate GARCH-M model with a common slope coefficient on the conditional covariance matrix. The θ denotes the common slope on Cov(r i,t+1 ,r m,t+1 ) for equity portfolios. The two joint hypothesis are taken for intercepts, as Wald 1 (H 0 : α 1 =α 2 =•••=α 10 =0) and Wald 2 (H 0 : α 1 =α 10 =0) in size, momentum, and book-to-market portfolios, respectively. The p-value is given in parentheses. *, **, and *** denote the 10%, 5% and 1% level significance.
The conditional CAPM estimation with a portfolio-specific Slope Coefficient
Additionally, we test whether the abnormal return (α i ) on equity portfolios are jointly equal to zero in order to empirically examine the validity and sufficiency of the conditional CAPM. The last two rows in Table 3 reports the results from testing the joint hypothesis of Wald 1 , as H 0 : α 1 =α 2 =•••=α 10 =0 for equity portfolios, and Wald 2 , as H 0 : α 1 =α 10 = 0 for decile 1 and decile 10 portfolios. The Wald 1 statistics for the size, momentum, and book-to-market portfolios are, respectively, 17.241, 8.102, and 3.362 with the corresponding p-value of 0.069, 0.619, and 0.972. In addition, the Wald 2 statistics for the size, momentum and book-to-market portfolios are 3.886, 1.827, and 6.109 with the corresponding p-value of 0.143, 0.401, and 0.047, respectively. Table 3 also shows that the conditional CAPM may hold for the size and book-to-market portfolios, which hypotheses are tested at the overall significance level of 5% and 1%, respectively. Overall, the multivariate GARCH-M model with portfolio-specific slopes captures the time-series and cross-sectional variations in the expected return on all equity portfolios, especially for the momentum portfolios. θ 1 =θ 10 =0) . The p-value is given in parentheses. *, **, and *** denote the 10%, 5% and 1% level significance.
Intertemporal Hedging Demand for Investment opportunity set
Risk Premia Induced by Conditional Covariance with Fama French Benchmark Factors
In this section, we add two Fama French benchmark factors as hedging demand variables to describe the state of the investment opportunity set, including the performance of small stocks relative to big stocks (SMB) and the performance of value stocks relative to growth stocks (HML). Panel A of Table 4 provides a strong evidence for the link between stock excess return and their conditional covariance with the Fama French benchmark factors, including SMB and HML. Under the null hypothesis of ICAPM, the common slope (θ) should be positive and significant. As a result, the reward-to-risk coefficients (θ) are estimated to be in the range of 0.24 to 1.576. The conditional covariations of equity portfolios' excess return with the level of HML t+1 (λ 1 ) are estimated positively and statistically significant in all cases, implying that the level innovation of HML factor is priced in stock market. The conditional covariation has significant predictive power to lead to an increase in excess return of stock portfolio over the next trading day. Moreover, the positive slope estimates on HML t+1 factor suggest that upward movement in HML factor predict a favorable shift in the investment opportunity set, implying that it is correlated with innovations in investment opportunity. Another notable point in Table 4 is that the common slopes (λ 2 ) on Cov(r i,t+1 ,SMB t+1 ) are significantly negative, between -0.40 and -3.08. These results imply a negative hedging relationship between expected returns of portfolios and SMB factor. In other words, equity portfolios that have higher correlation with the changes in HML level yield lower expected return next period.
Risk Premia Induced by Conditional Covariance with Financial Instrument
Investors would pick the winning stocks in the exchange market if they had perfect foresight. But, there is no free lunch in the financial market. Indeed, it is most often that the market participants seek to hedge stock risk through alternative investments, and vice versa, the well-functioning hedging solutions are important to the needs of either domestic or international investors. Financial economists often choose certain market indicators to control for stochastic shifts in the investment opportunity set. Panel B and C in Table 4 present the measures of common slope coefficients on the covariance of each equity portfolio with four financial instruments. The common slope of the risk-return coefficients are estimated insignificantly to zero. The conditional covariance of the return of equity portfolio with financial instrument does not have robust power for size, momentum, and book-to-market portfolios. In other words, the BOND, FUND, GOLD, and CREIS variables are not consistently priced in the ICAPM framework. These results suggest that the development of the alternative investment markets in Chinese emerging market does not mean that such markets will provide hedging strategies to the equity portfolios. This reports the estimation of conditional intertermporal hedging demand based on the dynamic conditional covariance with a common slope coefficient on the conditional covariance matrix. The coefficient θ on Cov(r i,t+1 ,r m,t+1 ) measures the time-t expected conditional covariance between excess returns of stock portfolio i (r i,t+1 )and the excess return of Fama French market portfolio(r m,t+1 ). The Cov(r i,t+1 ,SMB t+1 ) and Cov(r i,t+1 ,HML t+1 ) measure the time-t expected conditional covariation between the excess return of stock portfolio i and the level of Fama French benchmark indicators, SMB and HML. The Cov(r i,t+1 ,ΔBOND t+1 ), Cov(r i,t+1 ,ΔFUND t+1 ), Cov(r i,t+1 ,ΔGOLD t+1 ), and Cov(r i,t+1 ,ΔCREIS t+1 ) measure the time-t expected conditional covariations between the excess return of stock portfolio i and the change in the SSE T-Bond Index, SSE Fund Index, AU999 Gold Index, and China Real Estate Index (∆CREIS t+1 ), respectively. The p-value is given in parentheses. *, **, and *** denote the 10%, 5% and 1% level significance.
